Purpose: To outline and detail the importance of conditional probability in clinical decision making and discuss the various diagnostic measures eye care practitioners should be aware of in order to improve the scope of their clinical practice.
Introduction
Let us consider a hypothetical example in which a clever general practitioner (GP) identified a pharmacological biomarker for optic nerve disease. She subsequently developed a quick and inexpensive screening test for non-arteritic anterior ischemic optic neuropathy (NAION), motivated by her father's bilaterally poor visual outcome from the condition. The GP plans to administer the test to all patients over the age of 50 years as she does not wish anyone else to suffer the same fate. The blood test results are returned within minutes and are highly (90%) accurate. A random 60-year-old patient has the test and is informed the result is positive; should they be concerned? What is the probability the patient actually has NAION? Is there other information you need to know?
Intuitively, many of us might say that the chance is 90%, after all, the test is 90% accurate. Counter-intuitively, however, assuming an annual incidence rate for NAION in the general population of 10 per 100,000 individuals (0.01%), 1 the probability the patient actually has the disease (in a given year) is 0.09%! Thus, receiving a positive test raised the probability of the patient having NAION by 0.08%, an 8-fold relative increase, but not much in absolute terms. Such difficulties in probabilistic reasoning are common, for example, in one study investigating the accuracy of interpreting screening test information, over 50% of medical practitioners were incorrect in their responses. 2 In this case our intuition leads us to downplay or ignore the prior probability of the disease in favor of new evidence (ie, a positive test result) and create a cognitive bias known as base-rate neglect.
Bayes theorem and why it's important to the practitioner
Proficiency in clinical reasoning and diagnostic test evaluation requires an understanding of the application of conditional probabilities in Bayes' theorem, a seminal language of chance ascribed to the Reverend Thomas Bayes (1701-1761). 4 Conditional reasoning is used extensively in evidence-based medicine and the conditional probability simply reflects the probability of an event 'conditional upon' another event, or alternatively the probability of an event 'given that' another event has occurred. Thus, P(B|A)
represents the probability of B conditional upon A. Bayes' theorem is a mathematical rule that explains how one should change existing believes in light of new evidence and is the only correct way to associate conditional probabilities with their inverses. Thus, using Bayes' theorem it is possible to determine P(B|A) from P(A|B) if we also have information about the base rate or prior probability of events.
When a practitioner performs a diagnostic test, their primary motivation is to obtain information that assists in making a decision about the likelihood and diagnosis of a disease. It turns out, however, that the results of a diagnostic test represent the test probabilities of disease, not the real probabilities. Test probabilities of disease are affected by disease prevalence and test accuracy (the number of true positives, false positives, etc).
The test provides P(test|disease) but what the clinician really wishes to know is P(disease|test), ie, what is the probability the patient has the disease given a positive test result. Bayes' theorem converts test probabilities into real probabilities of disease via Bayes' rule: 6 6 In general terms:
Applied in diagnostic reasoning:
Where + is Disease positive and + is Test positive.
Thus, the probability that a patient has the disease given a positive test result [P (D + |T + )] is equal to the probability of a positive test result in the presence of disease [P (T + |D + )] multiplied by the probability of the disease in the population [P (D + ), ie, the prevalence] divided by the overall probability of a positive test result [P (T  + ) ]. In essence, the probability of disease in light of a positive test result depends on the chance of a true positive result divided by the chance of any positive result. Figure 1 provides a graphical conceptualization of the relationship between conditional probabilities in diagnostic reasoning (five important diagnostic measures, which we will discuss in detail, are also shown).
While conditional probabilities underpin Bayes' theorem it is apparent from this figure that when test/disease frequencies and diagnostic measures are framed in probabilistic terms, their interpretation appears intimidating. This highlights a fundamental problem in clinical medicine whereby many practitioners not only fail to understand the difference in conditional probabilities as applied to diagnostic tests but when presented with the information do not know how to compute the relevant measure. Alternatively, 7 research has shown that representing statistical information in terms of natural frequencies rather than probabilities improves competency in Bayesian inference tasks. 5 Humans are intuitively more adept in dealing with natural frequencies as raw numbers have existed considerably longer than probability theory and unlike conditional probabilities they are not normalized with respect to the base rates of the event in question (ie, while the marginal probabilities in Figure 1 add to 100%, the four conditional probabilities do not). Figure 2 shows how the same information may be presented in terms of natural frequencies rather than probabilities. Ignoring the summary columns and rows, this is a simple 2x2 contingency 
Sensitivity and specificity
The diagnostic accuracy of a test is characterized by two measures of conditional 
Likelihood ratios
Likelihood ratios (LR) represent alternative statistics for summarizing diagnostic accuracy and evaluating the likelihood of disease. In general, LRs are a ratio of the likelihood of a specific test result (positive or negative) in patients with the disease, divided by the likelihood of the same test result (positive or negative) in patients without the disease.
As there are two possible test results (for a dichotomous test), there are also two LRs (positive and negative):
The positive LR (LR+) compares the probability of a positive test result given the presence of disease to the probability of a positive test result given the absence of disease. The negative LR (LR-) compares the probability of a negative test result given the presence of disease to the probability of a negative test result given the absence of disease. It is important to note that the LR is essentially an odds ratio and thus expresses a change in odds, although conversion to probabilities is a relatively simple undertaking. 6 In our earlier example (Figure 3 ), if a patient had a positive test result (thin RNFL indicating glaucoma), the LR+ would be calculated as 4. On the other hand, if the result was negative (normal RNFL thickness), the LR-would be computed as 0.25. In the former case, the likelihood of the patient having POAG has increased by approximately 4-fold and in the latter, decreased by the same. Aside from LRs being natural to interpret (larger LR+ = disease more likely, smaller LR-= disease less likely), they have other useful properties.
Because they are a ratio of sensitivity and specificity, they are not population or setting dependent (as sensitivity and specificity are) and are generalizable. In addition, LRs can deal with ordinal or continuous test data (not just normal/abnormal) and are able to be utilized directly at the individual patient level. Importantly, they don't depend on the prevalence of disease, as predictive values do.
Positive and negative predictive values
The appealing characteristics of the LR in diagnostic test evaluation have largely gone underutilized for patient care. While the LR itself is intuitive, the ability to easily determine post-test disease probabilities is not and requires the use of nomograms or additional calculations (conversion of pre-test probability to pre-test odds, computation of post-test odds, conversion of post-test odds to post-test probability). This has been suggested as a cause for their limited use in clinical practice. 7 In this sense, the use of predictive values is most straightforward as the disease post-test probability is equivalent to the predictive value itself.
The predictive value of a test enables the practitioner to answer the question that is of most relevance to both themself and the patient: What is the probability of having (not having) a particular disease given a positive (negative) test result? The positive predictive value (PPV) represents the probability of having the disease given a positive test result P (D + |T + ), and the negative predictive value (NPV), the probability of not having the disease given a negative test result P(D 
In our example (Figure 3 ), the PPV of OCT-determined RNFL thickness for POAG would be calculated as 17% (4/23) and the NPV, 99% (76/77). Since a very high NPV and a negative test result virtually rules out disease, we can feel confident that a normal RNFL thickness measurement rejects the diagnosis of glaucoma. The opposite cannot be said, however, if an abnormal RNFL thickness result is returned. In this case, if a patient has a thin RNFL thickness on OCT imaging the probability they actually have glaucoma is still only 17%.
Wider application of conditional probability in diagnostic testing
A perfect test would correctly classify all with disease (TP) and all without (TN) and in this case the diagnostic accuracy would be 100%. However, tests are prone to errors and it is not unusual that they miss diagnoses (FN) as might be the case if it leads to an unnecessary follow-up procedure that is expensive and/or invasive, then it would be sensible to optimize specificity (minimize FPs, maximize TNs). It is worth noting that our discussion has been based on a binary outcome; the presence or absence of disease. However, the same principles may be extended to accommodate a continuous outcome where a series of sensitivity and specificity paired values are computed for multiple thresholds of the outcome variable (eg, sensitivities and specificities calculated at different levels of intraocular pressure). In this way a receiver operating characteristic (ROC) curve may be constructed which provides an overall measure (across all possible thresholds) of the diagnostic performance of a test.
These concepts may be further developed to provide two basic rules of thumb in helping the practitioner apply sensitivity and specificity information in clinical decision making. At first glance they may seem non-intuitive but considered inspection of an example 2x2 contingency table (eg, Figure 3 ) will help to consolidate the general idea in the readers mind. By definition a highly sensitive test will produce few FNs and so it follows that a negative result from a sensitive test is most likely to be a TN. critical appraisal of the evidence as well as the methodological quality of the test study are also necessary in evaluating the claimed efficacy of a new test. In addition, the power to rule a disease in or out is diminished when highly specific tests are not sufficiently sensitive, or highly sensitive tests are not sufficiently specific. 11 For this reason, the calculation and reporting of likelihood ratios have been advocated. The likelihood ratio depends on both sensitivity and specificity and hence takes into account the trade-off between them.
But how does the LR inform our clinical decision making? As we alluded to earlier, when a practitioner performs a diagnostic test with a particular disorder in mind they are hoping the result will modify their initial assessment of the pre-test probability of the disorder in some way. This 'shift in suspicion' can lead them to be more certain about the post-test probability of disease (positive) or less certain (negative). In other words, LRs tell us how much we should shift our suspicion for a particular test result. LRs may range from zero to infinity. When the LR is equal to 1, the test lacks diagnostic value as the post-test probability of disease is the same as the pre-test probability. As the LR moves further away from 1 and becomes more positive or more negative, the strength of the evidence for the presence or absence of disease, respectively, increases. Thus, LR+ corresponds to the concept of ruling in disease and LR-to the concept of ruling out disease. To avoid confusion, it is worthwhile noting that the LR always indicates the likelihood of disease; the positive and negative label simply refers to the test result. As a general guideline, LRs above 2 or below 0.5 provides minimal evidence for a test that may help rule in or rule out a diagnosis.
Conditional probabilities and the base rate fallacy
If we now return to Figure 3 , why is it that a test with good diagnostic accuracy (80%) performs so poorly in correctly identifying patients with disease? As the reader has probably surmised, the answer has to do with the base rate or prevalence of the disease the test is being applied to.
Base rate neglect ("base rate fallacy", "inverse fallacy", or the "prosecutor's fallacy" in legal reasoning) occurs when we are trying to make a conditional probability judgement and incorrectly assume that P(A|B) = P(B|A). Let us imagine that P(Golf | Eye care
Practitioner) represents the probability that one plays golf given they are an eye care
practitioner. This example clearly illustrates the error in assuming equiprobability in transposing conditional events. The probability that one plays golf given they are an eye care practitioner, ie, P(Golf | Eye care Practitioner), is probably close to 100%. However, the probability of being an eye care practitioner given that you play golf, P(Eye care
Practitioner | Golf), is substantially lower. On a more serious note, consider the probability of being male, given that you are diagnosed with Leber hereditary optic neuropathy (LHON; P(Male | LHON). As males are much more commonly affected, this may be as high as 90%, yet the conditional inverse, ie, P(LHON | Male) remains low. The salient point here is to be aware of the 'base rate' or prior probability (ie, prevalence, incidence, etc) of events. The proportion of Eye care Practitioners among the general public is quite low but the proportion of golfers is not. The chances of any individual developing LHON are similarly quite low, but about half the population are male. Thus, if the prior probability of an event is very low, then the revised ('posterior') probability even after new evidence has come to light will still be low (here we refer to 'new evidence' as the imposed condition of playing golf or being male). It is important to be aware of this distinction as the base rate fallacy and conditional probabilities play an integral role in diagnostic reasoning and the evaluation of clinical evidence. Clinical decision making may be challenging because the practitioner is often required to assess the evidentiary weight for an event that is contingent on the occurrence of another (for example, assessing the risk of retinal detachment in a patient needing cataract surgery given they are highly myopic).
Base rates determine test value
Let us now return to our opening problem. So what is the probability the patient actually has NAION? In other words, what is the PPV of the hypothetical blood test in detecting this relatively rare neuropathy? As explained in the previous section, this is a very simple calculation if provided with natural frequencies. All we need are the number of TPs and FPs and we can calculate the PPV. However, this may not be our experiment and we may not have easy access to these data. Instead we are provided with test sensitivities and specificities (or their complements, the FN and FP rates, respectively). The third and final piece of information needed to evaluate test utility is the base rate or prior probability (ie, prevalence, incidence, etc) of the disease. We can build on the calculations performed in our simple example ( Figure 3 ) by essentially working backwards to compute natural frequencies ( Figure 4 ) from the supplied information:
1. We are told the accuracy of the blood test is 90%. In the absence of additional information it is fair to assume that both the sensitivity and specificity are therefore the same (90%).
2. With an annual incidence rate for NAION of 0.01% we can convert this to a natural frequency of 10 per 100,000 individuals (in this case choosing a total of 100,000 ensures we maintain whole numbers when we compute the count values). As we now know the four count values we can easily calculate the PPV and NPV.
The revised (posterior) probability of having NAION conditional on a positive test (PPV) has increased from 0.01% to 0.09%, but the test remains ineffective in correctly identifying individuals with disease. Because of the very low incidence of NAION, there are many more FPs than TPs and for such rare diseases, a large proportion of those with positive screening tests will necessarily be found not to have disease upon further diagnostic testing.
In short, if a patient has a positive test result the probability they actually have the disease is very low. At the same time, the low incidence of NAION means that negative test result is more accurate. Here the NPV is almost 100%, thereby allowing the practitioner great confidence in reassuring their patient with a negative result that they are disease free. The salient point from this example is that even a highly 'accurate' test can have a low PPV if the disease is rare. In diagnostic medicine, the base rate fallacy occurs when the prior probability of disease in the population is so low that the vast majority of the people undertaking the test are healthy. Consequently, even with an accurate test, many of the individuals who test positive will be disease free, confounding the correct interpretation of disease risk.
To conclude, let us consider how the predictive value is affected when the disease is more common. Imagine the year is 2216 and the planet's demography has skewed strikingly towards the aged. Humans are now routinely living until the age of 120 years and the proportion of individuals aged over 50 years is greater than their younger counterparts.
Unfortunately, we have still not found a cure for POAG and the prevalence of the disease has increased to about 50% (from ~ 4% today). A new diagnostic test has been devised that is similarly 90% accurate. What is the predictive value of the test? It is left to the reader to follow the workings described previously but we can see from Figure 5 that a test with equivalent accuracy performed in the setting of a more common disease is of substantially greater utility in correctly classifying those who have tested positive with disease (PPV has increased to 90%).
While the focus of this paper and the discussion of conditional probability has been in the context of medical diagnostic testing, the base rate fallacy is widely applicable (n=100,000, prevalence =50%).
